ABSTRACT How to allocate resources in the era of Big Data in telecommunications becomes a new issue. Smartphone data could be a function of personality, as the smartphone supports interpersonal interaction, and the data collected from the smartphone usage often contains rich customer opinion and behavioral information. A bandwidth allocation method based on smartphone users' personality traits and channel condition is studied in a unified mathematical framework in this paper. Personalizing bandwidth allocation could be done by analyzing smartphone users' personality traits, resulting in business intelligence, a smarter and more efficient usage of the limited bandwidth, while taking channel fading conditions into account. Using the diagnostic inference, the service provider could calculate the user's probability of having each personality trait stand on its data usage. One step further, its bandwidth usage of the following period can be predicted using predictive inference. For our proposed bandwidth allocation scheme, both the outage capacity and outage probability are studied in fading channel. Therefore, the service providers shall better allocate the limited bandwidth, provide more personal service to each user, and adjust the bandwidth allocation further on account of the real channel condition.
I. INTRODUCTION
Smartphones are widely used these days, and have played indispensable roles in people's daily life. As of July 18, 2013, 90% of global handset sales are attributed to the purchase of Android and iPhone smartphones [1] . Modern smartphones include GPS navigation units, low-end compact digital cameras, pocket video cameras, high-resolution touchscreens and web browsers, portable media players, which allow its owners to e-mail, surf the web, play music and games, and perform a variety of other functions. According to a new study by GSMA (GSM Association) Intelligence [3] The number of 4G-LTE (Long Term Evolution) [2] connections worldwide is forecast to pass one billion by 2017, the number of 4G-LTE (Long Term Evolution) [2] connections worldwide is forecast to pass one billion by 2017. Mobile data software company Mobidia found that LTE users used far more data than those using 3G. For example, in South Korea, LTE smartphone users consumed on average almost 2.2GB of data per month [3] . With more and more LTE users, LTE has been a Big Data consumer with ample data. With 5G wireless
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networks [4] supporting a 10 Gb/s individual user experience, which will be deployed between 2020 and 2030, the data consumption will be extremely high at that time. Facing ''huge storage and bandwidth costs'' problem, research challenges for big data and information systems was discussed in [5] . How should we deal with these Big Data in telecommunications and how do we achieve business intelligence?
The data collected from the smartphone usage are less structured and often contain rich customer opinion and behavioral information, since smartphone data could be a function of personality. Studying the psychological and social implications of smartphone usage has gained an increased importance. Some investigations have been done on the demographic characteristics of smartphone users. Since smartphones are programmable, it is practical nowadays to develop tools that can record and analyze various behavioral aspects of users accurately and objectively. The mobile phone app has been created since the tremendous increase in smartphone ownership, and some demographic data have been collected.
The relation between user's personality and its mobile phone usage has attracted great attention of researchers. In [6] , the authors reached the conclusion that personality traits extracted from self-reported data can be used to predict the patterns of mobile phone. For smartphones, this relation could be investigated based on more accurate data collected by programmable tools. In [7] , the authors examined human location behavior through smartphone data, from which the proposed location predictability models could infer 17 different demographic and social characteristics correctly about an individual. Human-centered applications that involve physical/virtual social interactions were discussed in [8] .
The relation between five main factors of personality and addiction to SMS in high school students was studied in [9] , and neuroticism and addiction to text messaging were found positively related. Concerning changes in consumer privacy in relation to smartphones, the authors in [10] found correlations between styles of phone usage and personality traits of users in their research. The impact of the ''Big Five'' personality traits on smartphone ownership and use was studied in [11] and [12] . Extraverted individuals were found more likely to own a smartphone in [11] and were noticed to report greater importance on gaming applications in [12] . In [13] , the authors proposed to leverage mobile phone usage-derived variables to effectively and automatically infer the users' personality traits as defined by the big five model. These researches provide a new opportunity of understanding the impact of context on user behavior and studying individual differences such as user personality.
These studies also facilitate further research on the usage of personality traits for personalizing services on smartphone users. As radio frequency spectrum (bandwidth) is a finite natural resource which needs to be efficiently planned and managed, wireless service providers are struggling to keep up with demand for more and more smartphone usage. How much bandwidth does a smartphone use? It is not a smart idea to allocate bandwidth equally to all smartphone users. As discussed above, the smartphone usage is related to each user's personality, which stimulates a personalized and spectrum efficient service to allocate the limited bandwidth intelligently based on the smartphone users' personality traits. Although some spectrum efficiency approach was studied [14] - [16] , with the increasing consumption of data and limited bandwidth, the efficiently and effectively way to solve this problem would be allocate the bandwidth dynamically. Some inferential techniques could help to investigate the collected smartphone usage data. Bayesian Network (BN) is an important approach of prediction in data analysis [17] , [18] which could be devised based on the relation concluded in [10] - [12] . Personality traits of users can be inferred based on the diagnostic inference with a Bayesian Network (BN). Furthermore, based on a user's actual bandwidth usage predictive inference, the service provider can achieve an intelligently allocation within limited bandwidth.
In this paper, a smartphone users' personality traits and channel condition based bandwidth allocation method is studied in a unified mathematical framework. Based on the relation between self-reported Big-Five personality traits and user behavioral characteristics extracted from rich smartphone data, Bayesian Network could be devised. The service provider could further estimate each users' probability of having each personality trait using diagnostic inference, and then efficiently allocate each user's usage of bandwidth based on predictive inference. After evaluate the smartphone users' personality traits, the service provider can allocate their limited bandwidth wisely with personalized service. Besides, for our proposed smart bandwidth allocation scheme, both the outage capacity and the outage probability are studied in fading channel. Lead to the feasibility of the service provider adjusting bandwidth allocation depends on channel condition. Therefore, service providers could better allocate the limited bandwidth, provide more personal service to each user, and adjust the bandwidth allocation further on account of the real channel condition. Based on such kind of smartphone data analysis, business intelligence could be achieved to predict consumers' profiles and behaviors.
The remainder of this paper is organized as follows. In Section II, we give a brief introduction of Bayesian Network. In Section III, personality traits are analyzed based on smartphone usage and personality psychology. Bayesian Network modeling based on smartphone users' personality traits is given in Section IV. The bandwidth allocation scheme based on Bayesian Network inference of smartphone usage is detailed in Section V, with diagnostic inference, predictive inference, and approximate inference. The outage throughput capacity in fading channel is analyzed as well in Section VI, which could benefit bandwidth allocation based on real channel condition. Numerical results and discussions are presented in Section VII. Section VIII concludes the paper.
II. BAYESIAN NETWORK
Bayesian Network (BN) [18] - [21] , represents a set of random variables and their conditional dependencies via a directed acyclic graph (DAG). It is both mathematically rigorous and intuitively understandable. An effective representation and computation of the joint probability distribution (JPD) over a set of random variables could be enabled by BNs. Using local conditional probability tables (CPTs), the joint distribution of the collection of variables can be determined uniquely.
Each node in a directed acyclic graph represents a random variable in the Bayesian sense, which could be discrete or continuous. Pairs of nodes are connected by a set of directed links or arrows. These edges represent direct dependence among the variables. And nodes with no connection represent variables that are conditionally independent of each other. Each node has a probability function that takes a particular set of values for its parent variables as input and gives the probability of the variable represented by the node.
A Bayesian Network B represents a joint probability distribution over a set of random variables V (X 1 , X 2 , · · · , X n ) [22] . Fig. 1 shows an example of a Bayesian Network with variables X 1 , X 2 , X 3 , X 4 . The BN is defined by a pair G and , i.e., B = G, . The first component G is the DAG whose nodes X 1 , X 2 , · · · , X n represents random variables, and whose edges represent the direct dependencies between these variables. The arrows in a Bayesian Network (as shown in Fig. 1 ) indicate that a value taken by random variable X i depends on the value taken by variable X j , or variable X j ''direct influences'' X i , which means that causes should be parents of effects. Therefore, node X j is referred to as a parent of X i and, similarly, X i is referred to as the child of X j . As an example, in Fig. 1 , X 1 is a parent of X 2 and X 3 . An extension of these genealogical terms is often used to define the sets of ''descendants'' nodes − the set of nodes from which the node can be reached on a direct path, or ''ancestor'' nodes − the set of nodes that can be reached on a direct path from the node [21] . The graph G encodes independence assumptions, by which each random variable X i is independent of its non descendants given its parents in G. The second component represents the set of parameters of the network, which contains the parameter θ x i |π i = P B (x i |π i ) for each realization x i of X i conditioned on π i , which is the set of parents of X i in G. Therefore, a unique JPD over
X i 's' local probability distribution is conditional if it has parents and unconditional otherwise. A node is called an evidence node if the variable represented by that node is observed, or a hidden node otherwise. Given a BN specified the JPD, all possible inference queries could be evaluated by marginalization, that is, summing out over ''irrelevant'' variables. Two types of inference support are often considered: diagnostic support based on evidence nodes connected to a node through its children nodes (bottom-up reasoning, P(cause|symptom)), and predictive support based on evidence nodes connected to a node through its parent nodes (topdown reasoning, P(symptom|cause)) [22] . In this paper, both kinds of inferences will be estimated based on the Bayesian Network of personality traits and smartphone usage.
III. PERSONALITY TRAITS IN SMARTPHONE USAGE
The relation between user behavioral characteristics extracted from rich smartphone data and Big-Five personality traits (Extraversion, Agreeableness, Conscientiousness, Neuroticism and Openness to Experience) was investigated in [10] [11] and [12] .
From personality psychology [23] , we know that a person's behavior is a function of personality traits. For the smartphone usage behavior, for sure, it depends on the smartphone user's personality trait.
Trait theories of personality [10] - [12] , [21] offer a collection of viewpoints about human nature. Trait theories have three important assumptions about personality traits, which form the basic foundation for trait psychology. These three important assumptions are [21] [23]: (1) . meaningful individual differences: Every personality, no matter how complex or unusual, is the product of a particular combination of a few basic and primary traits. (2) . stability or consistency over time: There is a degree of consistency or stability in personality over time. If someone is highly extraverted during one period of observation, he or she will be highly extraverted in the future. (3). consistency across situations: Traits will also exhibit some consistency across situations. Trait psychologists believe that people's personalities show consistency from situation to situation. In the past two decades, the Big-Five personality traits as shown in Fig. 2 have received the most attention and support from personality researchers. This five-factor model represents personality traits hierarchically at the broadest level of abstraction. Five board traits are introduced, namely extraversion, agreeableness, conscientiousness, emotional stability (or neuroticism), and openness to experience [25] , which summarizes more specific traits. These five factors are believed to capture most of the individual differences in human personality [24] . As shown in Fig. 2 , for each personality trait, the arrow marked with 'yes' represents high score, and the arrow marked with 'no' represents low score. For example, for 'Extraversion': 'yes' arrow means 'Outgoing'; while 'no' means 'Solitary'.
Extraverts are sociable, gregarious and ambitious, who are optimistic and seek out new opportunities and excitement [26] . People score high in extraversion are social, active, outgoing, and place a high value on close and warm interpersonal relations [27] . Agreeable people are sympathetic, good natured, cooperative and forgiving [26] . The authors of [28] [29] discovered that more agreeable individuals tend to spend more time on calling while disagreeable individuals with lower self-esteem prefer their time using instant messaging and games. Conscientious people are deliberate, reliable and strong-willed, who actively plan, organize and carry out tasks [26] . The characteristic of their personality is self-control, reflected in a need for achievement, order, and persistence [30] . Conscientious people desire a wise way of using technologies at work that lead to efficient and better performance [31] . Neurotic people are anxious, self-conscious and paranoid [32] . People score high in neuroticism tend to be fearful, sad, embarrassed, distrustful, and have difficulty managing stress [26] . Neurotic individuals are found spending more time text messaging and are reported highly addicted to mobile phone [28] . People with high score in openness have flexibility of thought and tolerance of new ideas, and they actively seek out new and varied experiences and value change [33] . They are associated with training proficiency and engaging in learning experiences [31] , which make them more likely to hold positive attitudes and cognitions toward accepting job-related technology [32] .
Based on the relation concluded in [10] - [12] , ''Youtube'' was found to be more likely to be used by extraverts and nonconscientious users. The ''Video/Audio/Music'' apps were found to be more likely to be used by users who score low on conscientiousness and higher on openness. The ''SMS'' apps was found to be more likely to be used by disagreeable users who are cautious and conscientious. Further, users scoring high on extraversion and emotional stability and low on agreeableness and openness were more likely to use SMS. Users scoring low on agreeableness and high on conscientiousness were found having frequent use of the ''Mail'' app. The ''Internet'' app was found to be more likely to be used by users scoring low on agreeableness and high on conscientiousness. Extroverts had smartphone habits of much more calendars and office apps use than games and Internet functions. Extroverts spent more time on calls, which were greater in number than those received by introverts. They also had more unique contacts in those calls. Agreeable people were seen to have more number of voice calls while less agreeable people had heavier use of SMS, Internet, office, mail, calendar and Video/Audio/Music apps instead. Less conscientious people were less likely to use multimedia and YouTube applications. The more conscientious users sent shorter SMS messages, and longer SMS messages were generally made by more emotionally stable users. Emotional stable people tend to send longer SMS and were found a less usage of office and calendar apps. It was seen that the duration of incoming calls were much small for emotional stable users. Curious people had less usage of SMS, calendar and office apps.
Psychologists also notice that individual differences in personality emerge very early in life. These individual differences in personality tend to be moderately stable over time, so that people who are high on a particular trait tend to remain high on that dimension. Trait psychologists conclude that people will be relatively consistent over time in their behavior because of the various traits they possess [21] . And personality trait scores refer primarily to average tendencies in behavior. A score on a trait measure refers to how a person is likely to behave, on average, over a number of occasions and situations. For example, based on our analysis, from a person's high score on a measure of trait openness and extraversion, the service provider could confidently predict that a person is more likely to use more bandwidth in the next few billing cycle than a person with a lower score on openness and extraversion. Based on the analysis above, analyzing users' personality traits based on smartphone usage is meaningful and consistent over time and situation, which could help us to predict the future smartphone usage. Trait psychologists are also interested in the accuracy of measurement. Trait psychologists make efforts to improve the measurement of traits, particularly through self-report questionnaire measures. Psychologists who devise questionnaires work hard at making them less susceptible to lying, faking, and careless responding. With the advent of smartphones, a new view of investigating smartphone users' personality traits could be done based on more accurate data collected by programmable tools.
In this paper, as we will discuss, the service provider could use personality traits measurements and prediction to personalize bandwidth allocation to help smartphone users for a better data service. Therefore, in this paper, based on the measures of personality, the usage of smartphone in one billing cycle could be predicted in their future usage, achieving business intelligence. We adopt the concluded BigFive personality traits as inputs to Bayesian Network to study the bandwidth allocation problem in a unified mathematical framework.
IV. BAYESIAN NETWORK MODELING IN SMARTPHONE USAGE
The Bayesian Network (BN) could be devised based on the relation between the Big-Five personality traits and the automatically extracted and aggregated smartphone usage features concluded in [10] - [12] as shown in Fig. 3 . To make our model fit to a real scenario, we follow exactly the practical research finding in [10] .
Based on the analysis above [10] - [12] , the CPT of node ''Calls'' is listed in Table 7 . The CPT in Table 7 is based on the features exhibiting correlation across different populations for the Big-Five traits studied in [10] . The reason we refer to data collected in [10] is that the relation between smartphone usage and user personality is obtained from actual smartphone data collected in Switzerland, which provides practical use case of our study. In this paper, each personality traits is abbreviated into its first three letters, for instance, ''Ext'' is the abbreviation of ''Extraversion''. Ext = y is used to represent ''Outgoing'', and Ext = n is used to represent ''Solitary'', as shown in Fig. 2 . And the other four personality traits are represented in the same way. Similarly, only the first letter is used to represent each application, that is, ''C'', ''Y'', ''V'', ''S'', ''M'' and ''I'' for ''Calls'', ''Youtube'', ''Video/Audio/Music'', ''SMS'', ''Mail'' and ''Internet'' respectively. ''LBW'' stands for ''Less BW''. Similarly, the tables of CPT of ''Youtube'', ''Video/Audio/Music'', ''SMS'', ''Mail'' and ''Internet'' could be calculated based on the results in [10] - [12] . As the principles are the same, we only show the CPT of node 'Calls'' for the lack of space in this paper.
From our research, Table 1 gives an estimated data usage for each smartphone application. Here, we treat ''Calls'', ''Internet'' and ''Mail'' as normal usage, whenever the data usage is greater, more BW is required. Based on the data usage, the CPT of ''Less BW'' and ''More BW''can be obtained. Table 6 shows an example of the CPT of ''Less BW''. Based on the smartphone usage, users' personality could be estimated based on diagnostic inference of Bayesian Network in Fig. 3 . With users' personality traits estimated, using predictive inference from this BN, the service provider could predict the future smartphone usage of each user in the next billing cycle, so that flexible bandwidth allocation could be predicted. The service provider can allocate their limited bandwidth intelligently and provide more personal service. This study facilitates further research on the automated classification and usage of personality traits for smartphone services personalization.
V. BANDWIDTH ALLOCATION SCHEME BASED ON SMARTPHONE USAGE: BAYESIAN NETWORK INFERENCE
In this paper, both diagnostic inference and predictive inference are calculated based on personality traits and their usage of smartphone apps in Fig. 3 . Diagnostic inference [19] presents the probability of user having each personality trait given its bandwidth usage, for instance, what's the probability of one user having a certain personality trait if he consumes on average above 10GB data per bill cycle? Differently, predictive inference shows the probability of the usage of bandwidth based on a node's parent nodes, i.e., its personality traits scores. As an example, it could be the probability of user occupies more bandwidth if that user score high on extraversion. After calculating the diagnostic inference from the collected data usage of one billing cycle, the service provider could evaluate the probability of user having each personality trait. Then with the predictive inference information, user's usage of bandwidth of the coming billing cycle can also be predicted. We can see that both diagnostic inference and predictive inference would benefit the smartphone bandwidth allocation of the service provider.
Since the structure of a BN implies that the value of a particular node is conditional only on the values of its parent nodes, as shown in equation (1), the joint probability expressions can be simplified in our case that the joint probability.
A. DIAGNOSTIC INFERENCE First, we could calculate the diagnostic inference into consideration. The probability could be calculated based on BN.
Here, only one example of the probability of Extraversion given ''Less BW'' is shown since for other probability with other personality traits, the principle is the same. In addition, as the service provider has no idea of a user's personality at the very beginning, the initial probabilities for all personality traits have the highest uncertainty, that is P(Ext = y) = 0.5, P(Agr = y) = 0.5, P(Neu = y) = 0.5, P(Con = y) = 0.5, and P(Ope = y) = 0.5.
where We could then calculate the predictive inference for each personality trait in a similar way. Here we also show only one example of the probability of ''Less BW'' assignment given its personality is extraversion as
where P(Ext = y, LessBW = y) could be calculated the same as in formula (4) . With the initial probabilities for all personality traits uncertain, i.e., P(Ext = y) = 0.5, P(Agr = y) = 0.5, P(Neu = y) = 0.5, P(Con = y) = 0.5, and P(Ope = y) = 0.5, all the probability in Tables 2 and 3 could be calculated.
C. APPROXIMATE INFERENCE
Exact inference are computational intractable. Approximate inference makes it possible to learn realistic models from large data sets. Here we consider one approximate inference approach -direct sampling method as described in [21] [23], referred as PRIOR-SAMPLE.
The idea of PRIOR-SAMPLE method is to sample each variable in turn, in topological order. Each variable is sampled based on the conditional distribution given the values already assigned to the variable's parents.
From [21] , S PS (X 1 , · · · , X n ) is the probability that a specific event is generated by the PRIOR-SAMPLE algorithm, and each sampling step depends only on the parent values,
Suppose N total samples, and the number of times the specific event X 1 , · · · , X n occurs in the set of samples are N PS (X 1 , · · · , X n ) [21] .
Its operation on the network in Fig. 3 (where y means sample probability value greater than or equal to 0. In this case, as illustrated in Fig. 4, PRIOR-SAMPLE  returns the event [y, y, y, y, y, y, y, n, y, y, n, n] , with values VOLUME 7, 2019 shown in formula (9) , where sample from P(Ext) =< 0.5, 0.5 >, value is y, sample from P(C|Ext = y, Agr = y, Neu = y, Con = y, Ope = y) =< 0.69, 0.31 >, value is y, and so on. Therefore, the sampling probability for this event is S PS (y, y, y, y, y, y, y, n, y, y, n, y, n) = 0.5 × · · · × 0.8 = 0.00228578922 (10) that is, in the limit of large N , we only expect 0.228578922% of the samples to be of this event.
VI. BANDWIDTH ALLOCATION IN FADING CHANNEL
As we know that the capacity of wireless channels is related with channel conditions [34] . A smart bandwidth allocation scheme can be designed to adaptively allocate channel bandwidth to each smartphone user taking advantage of the channel information. For instance, less bandwidth could be assigned to certain smartphone user with performance guarantee when the channel conditions is good.
The capacity of a bandwidth-limited system is an increasing, concave function of its bandwidth W [34] . For slow fading channel, the capacity is
where W is the channel bandwidth. h is the gain of fading channel, and |h| represents the amplitude of h. P is a given received power, and additive white Gaussian noise power spectral density is N 0 /2. Suppose the data is encoded by transmitter at a rate of R bits/s. If the channel gain h is low that C < R, then the system is in outage, and the decoding error probability can not be made arbitrarily small. The outage probability is
For fading channels, we consider -outage capacity C , represents the largest transmission rate R such that P out (R) is less than . And solving P out (R) = , we can get
where F(x) = Pr{|h| 2 > x} is the complementary cumulative distribution function (CDF) of |h| 2 .
When h is complex Gaussian CN (0, 1), the outage probability P out (R) for Rayleigh fading can be derived as
where (a) follows from the fact that |h| follows Rayleigh distribution, with the probability density function (PDF) of |h|,
where approximation in last step follows from the fact of the Taylor series for the exponential function e −x that e −x ≈ 1 − x. Observe that both the -outage capacity C and the outage probability is related to the bandwidth W . With the increase of bandwidth W , the outage probability P out (R) decreases and the -outage capacity C increases. Therefore, for the smart bandwidth allocation, when less bandwidth is assigned, in the fading channel, the outage probability increases, which means that the bandwidth could not be arbitrarily small with quality of service guarantee. While with more bandwidth allocated, the -outage capacity C increases, and P out (R) decreases, so that the quality of service could be guaranteed for higher data transmission requirement.
We've discussed the relation of the outage probability with bandwidth W in the proposed smart bandwidth allocation scheme. Next, let's take channel fading into consideration.
(1). When deep fading occurs, |h| → 0, with high probability that the channel capacity will be arbitrarily small that C < R, and the system will be in outage, therefore, more bandwidth W could be allocated to reduce the outage probability, as shown in Fig. 3 .
(2). When experiences shallow fading, the channel quality is good, reliable communication with small error probability could be achieved since that C > R with high probability, and with very low probability that the system is in outage. Therefore, taking advantage of the better channel conditions, less bandwidth W could be assigned, as shown in Fig. 3 .
VII. NUMERICAL RESULTS
The numerical results of the proposed bandwidth allocation scheme is presented in this section. After collecting a smartphone user's data usage in one billing cycle, the service provider will be able to calculate the probability distribution of this user having each personality trait using diagnostic inference, and then predict this user's usage of bandwidth of the coming billing cycle based on predictive inference.
We can see that stand on the analysis of each user's personality, both diagnostic inference and predictive inference would benefit the smartphone bandwidth allocation of the service provider. Table 2 and Fig. 5 show the diagnostic inference for the probability of personality traits with less BW allocated. We can observe that P(Con = y|LessBW = y) = 0.7123 with the highest probability, which means that with the probability of 0.7123 that the user scoring high on conscientiousness given that less bandwidth is occupied. That leads to a conclusion that with less bandwidth allocated, users are most likely to be conscientious, least likely to be open-minded.
In the simulation, we assume the initial probabilities for all personality traits is uncertain, that is P(Ext = y) = 0.5, P(Agr = y) = 0.5, P(Neu = y) = 0.5, P(Con = y) = 0.5, and P(Ope = y) = 0.5.
The diagnostic inference for the probability of personality traits with more bandwidth is shown in Table 3 and Fig. 6 . From the table we know that P(Ope = y|MoreBW = y) = 0.5426, which means that with the probability of 0.5426 that the user scoring high on openness given the condition that more bandwidth is allocated. As a conclusion, users with more bandwidth allocated are more likely to score high on openness. Tables 4 and 5 and Figures 7 and 8 provide the predictive inference probability. The probability of this user occupying less bandwidth given user's personality trait is shown. For an VOLUME 7, 2019 FIGURE 8. Predictive inference for personality probability-MoreBW. extravert user, the probability of less bandwidth occupation is 0.2962, while for an open-minded user, the probability is 0.2392. The corresponding probabilities of more bandwidth occupation are 0.7038 and 0.7608, lead to a conclusion that open-minded user has the highest probability to occupy more bandwidth.
We can also observe that with the spread of smartphone usage, no matter what kind of personality traits, all kinds of personality traits have high probabilities of occupying larger bandwidth. That's why bandwidth is so precious nowadays, and smart bandwidth allocation is a good solution for smartphone users. Fig. 9 shows the probability of bandwidth allocation with fading channel conditions, with the assumption that the initial probabilities for all personality traits is uncertain, that is P(Ext = y) = 0.5, P(Agr = y) = 0.5, P(Neu = y) = 0.5, P(Con = y) = 0.5, and P(Ope = y) = 0.5. The x-axis is the probability of good channel condition (shallow fading), and the higher the better. x = 0.1 represents very deep channel fading, while x = 0.9 is shallow fading. It is obvious that with worse channel quality (deep fading), the probability is higher to assign more bandwidth. While it is highly like to allocate less channel bandwidth when the channel condition is good. This helps the service provider to better allocate the limited bandwidth for smartphone users as well as smartphone users' personality traits.
Manufacturers and service providers in the cell phone industry will be able to provide more personalized services to each user based on the results calculated. Personality traits of users could be estimated, using inference from this BN. For instance, the data usage of smartphone user A and B in last bill cycle were 2GB and 20MB, respectively. Stand on the above research, we may conclude that with high probability that user A is open-minded, and user B is conscientious. Based on the diagnostic inference (to estimate a user's personality trait) and predictive inference (to predict a user's bandwidth usage), the smartphone service provider can estimate a user's personality trait, and allocate the bandwidth wisely while taking channel fading conditions into account. Therefore, as we mentioned, business intelligence could be achieved to predict consumers' profiles and behaviors based on such kind of smartphone data analysis.
VIII. CONCLUSIONS
Smartphone data could be a function of personality, as the smartphone supports interpersonal interaction, and the data collected from the smartphone usage often contain rich customer opinion and behavioral information. A personality traits and channel condition based bandwidth allocation method is studied in a unified mathematical framework. Based on the relation between user behavioral characteristics extracted from self-reported Big-Five personality traits and rich smartphone data, further usage and research of personality traits for smartphone services personalization could practically be done using Bayesian Network. Using the diagnostic inference, the service provider could calculate user's probability of having each personality trait stand on its data usage. One step further, its bandwidth usage of the following period can be predicted using predictive inference. We can see that both diagnostic inference and predictive inference could help the service provider achieves better smartphone bandwidth allocation based on each user's personality, resulting in a smarter and more efficient usage of the limited bandwidth. Therefore, based on such kind of smartphone data analysis, business intelligence could be achieved to predict consumers' profiles and behaviors.
For our proposed smart bandwidth allocation scheme, both the -outage capacity C and the outage probability are studied in fading channel. For a smartphone user with high probability of more bandwidth requirement, the outage capacity C increases, and P out (R) decreases, so that the quality of service could be guaranteed for higher data transmission requirement. The outage probability will become too high to support the service in deep fading scenario, while assigning more bandwidth could be a possible solution to guarantee the quality of service.
For the future work, to improve the accuracy of the inference, dynamic Bayesian Network (DBN) will be considered to better allocate the limited bandwidth.
